Denervation due to amputation is known to induce cortical reorganization in the sensorimotor cortex. Although there is evidence that reorganization does not lead to a complete loss of the representation of the phantom limb, it is unclear to what extent detailed, fingerspecific activation patterns are preserved in motor cortex, an issue that is also relevant for development of brain-computer interface solutions for paralysed people. We applied machine learning to obtain a quantitative measure for the functional organization within the motor and adjacent cortices in amputees, using high resolution functional MRI and attempted hand gestures. Subjects with above-elbow arm amputation (n = 8) and non-amputated controls (n = 9) made several gestures with either their right or left hand. Amputees attempted to make gestures with their amputated hand. Images were acquired using 7 T functional MRI. The sensorimotor cortex was divided into four regions, and activity patterns were classified in individual subjects using a support vector machine. Classification scores were significantly above chance for all subjects and all hands, and were highly similar between amputees and controls in most regions. Decodability of phantom movements from primary motor cortex reached the levels of right hand movements in controls. Attempted movements were successfully decoded from primary sensory cortex in amputees, albeit lower than in controls but well above chance level despite absence of somatosensory feedback. There was no significant correlation between decodability and years since amputation, or age. The ability to decode attempted gestures demonstrates that the detailed hand representation is preserved in motor cortex and adjacent regions after denervation. This encourages targeting sensorimotor activity patterns for development of brain-computer interfaces.
Introduction
The sensorimotor areas of the human brain are somatotopically organized, with regions of the primary motor cortex (M1) and primary sensory cortex (S1) being associated with movement and sensory representations of various body parts. It has become clear that this somatotopic organization is quite detailed and that representations of individual fingers (Dechent and Frahm, 2003; Siero et al., 2014) and even separate muscles (Hadoush et al., 2011) can be identified.
Denervation due to amputation or nerve damage disrupts normal sensorimotor function. Subsequent cortical reorganization in the sensorimotor area has been reported in numerous animal studies, where intact body parts 'invade' areas associated with the missing limb (Merzenich et al., 1984; Donoghue and Sanes, 1987; Wu and Kaas, 1999) . Sensorimotor reorganization also occurs in humans, as evidenced by transcranial magnetic stimulation studies in amputees describing increased excitability of motor areas contralateral to the amputated limb, where stump muscles demonstrate higher response amplitudes that can be induced from a larger scalp area than responses in the intact arm (Cohen et al., 1991; Rö richt et al., 1999) . Also, magnetoencephalography and functional MRI studies with upper limb amputees have reported a shift of lip (Lotze et al., 2001) , chin (Elbert et al., 1994) , and shoulder (Dettmers et al., 2001) representation into the deafferented cortical hand area has been demonstrated.
Increasing evidence demonstrates that denervation does not result in a complete loss of representation of the affected limb, as the sensorimotor cortex still appears to be engaged in so-called 'attempted movements'. When amputees attempt moving their phantom limb, the corresponding sensorimotor areas show functional MRI activation similar to executed movements in able-bodied subjects (Lotze et al., 2001; Turner et al., 2001; Roux et al., 2003) . Moreover, for postcentral and parietal regions, it has been shown that this persistent representation is relatively detailed. For example, in a tetraplegic patient using intracranial recordings, movement goals and trajectories have been successfully decoded from posterior parietal cortex (Aflalo et al., 2015) . Using microstimulation, a persistent hand representation in S1 was also found in a long-term spinal cord injury patient (Flesher et al., 2016) . In amputees, an individual finger topography of the phantom hand has been reported in the somatosensory cortex (Kikkert et al., 2016) .
Although the abovementioned studies provide evidence that a persistent hand representation still exists after denervation, they primarily focus on somatosensory areas, using simple (one-finger or coarse hand) movements. It is unknown whether the intact representation also applies to, for example the primary motor cortex (M1), and to what extent it allows for the decoding of composite (multiplefinger) movements after denervation. This is not only relevant for understanding plasticity, but also for development of clinical brain-computer interface solutions for severe paralysis, the feasibility of which was recently reported .
We have previously shown that the sensorimotor organization in able-bodied subjects allows for a quantitative discrimination of four gestures from the American Manual Alphabet, based on electrocorticography (ECoG) and on 7 T functional MRI activation patterns (Bleichner et al., 2013 . Gestures are especially suitable for testing persistent hand representations, because their differentiation constitutes a comprehensive evaluation of discrimination between spatial activity patterns. In the current 7 T functional MRI study, we investigated the discriminability of cortical representations of attempted gestures in arm amputees, to study and quantify the detailed integrity of the denervated sensorimotor cortex. Similar to our previous studies with able-bodied subjects (Bleichner et al., 2013 , we used a machine learning method for 'decoding', which refers to identifying movements based on their cortical activation pattern. Such decoding is highly sensitive to the discriminability, hence spatial integrity, of cortical hand representations and can be used not only to reveal effects of denervation, but also to quantitatively compare discriminability to control subjects. Since all fingers are represented in the relatively small hand knob on M1 (Siero et al., 2014) , any change in representation is likely to cause an increase in correlations between individual finger foci, resulting in reduced discriminability of different gestures and thus in a decline in decoding performance. Another advantage of a decoding approach is that it does not require an a priori model of the cortical organization, which is known to be challenging, especially in M1 (Hluštík et al., 2001; Graziano and Aflalo, 2007) . We specifically investigated four regions of the sensorimotor system: M1, S1, the anterior precentral gyrus (pre-M1), and the posterior postcentral gyrus (post-S1).
Materials and methods

Subjects
Eight subjects with arm amputation were recruited (age 52 AE 12 years, one female). All subjects had transhumeral arm amputation (seven right arm, one left arm amputation), acquired 16.4 AE 11.5 years previously (range: 1.7-31.1 years previously). Nine control subjects were also recruited (no arm amputation, age 44 AE 21 years, four females). All subjects were right-handed or were right-handed before amputation according to the Edinburgh Handedness Inventory (Oldfield, 1971 ). An overview of all subjects is given in Table 1 .
The study was approved by the medical-ethical committee of the University Medical Center Utrecht and all subjects gave their written informed consent in agreement with the Declaration of Helsinki (World Medical Association, 2013) .
Experimental design Data acquisition
MRI data were recorded using a Philips Achieva 7 T MRI system with a 32-channel head coil. Anatomical T 1 -and proton density-weighted images were acquired first (repetition time/echo time = 6/1.4 ms, flip angle = 8
, voxel size = 1 Â 1 Â 1 mm 3 ). A functional Localizer task was performed to ensure the hand area was within the imaging field of view, followed by the Gesture task. Prism glasses allowed subjects to look at the screen located at the end of the scanner bore, on which the tasks were presented. Finger positions of both hands in control subjects and of the intact hand in amputees were recorded using MRI-compatible data gloves (5DT Inc.).
Localizer task and analysis
Subjects were instructed to repeatedly open and close their hands during presentation of a green cue ('move block'), and rest during a red cue ('rest block'). Control subjects were asked to open and close both hands, while amputated subjects only used their intact hand. The task consisted of three rest blocks and two move blocks (30 s each).
Echo planar (EPI) images were acquired (repetition time/echo time = 2000/27 ms, flip angle = 70 , acquisition matrix size = 104 Â 129, 33 slices, voxel size = 1.6 Â 1.6 Â 1.6 mm) during this task. The results were analysed in real time using Philips IVIEWBOLD analysis software, and were used to optimally position the functional MRI field of view for the Gesture task. For two control subjects (Subjects C1 and C2), the Localizer task was not yet part of the protocol. For these two subjects, the positioning of the Gesture task EPI scans was based on the anatomical location of the hand knob in transversal and sagittal planes.
Gesture task
Six gestures, shown in Fig. 1 , were selected from the American Manual Alphabet. These gestures were chosen for maximum differences in flexion-extension combinations.
One of the six characters was presented every 15.6 s for Subjects C1 and C2, and 16 s for all others. The character was presented for 6 s, followed by a fixation cross. Subjects were instructed to make the corresponding gesture as soon as a character appeared and hold it until the character disappeared. Subjects performed four runs (each with 60 trials; 10 per character): two with their right hand (runs 'R1' and 'R2') and two with their left hand (runs 'L1' and 'L2'). Control subjects (Subjects C1-9) used executed movements, whereas amputated subjects (Subjects A1-8) used attempted movement with their phantom hand, and executed movements with their intact hand. All subjects were naive to sign language and practiced at home daily for 15 min during 1 week.
An EPI sequence was used (repetition time/echo time = 1300/ 27 ms for Subjects C1 and C2, repetition time/echo time = 1600/27 ms for all other subjects, flip angle = 70 , acquisition matrix size = 104 Â 129, 26 slices, no gap, voxel size = 1.6 Â 1.6 Â 1.6 mm 3 ). All EPI scans were acquired in transversal orientation, such that both the left and right hand region were in the field of view.
Data analysis Functional MRI preprocessing and statistical maps
Preprocessing and first level analysis were performed with SPM12 (http://www.fil.ion.ucl.ac.uk/spm/) for each combined pair of runs (L1 with L2, and R1 with R2). Functional images were slice-time corrected, realigned to the mean functional image, and coregistered with the T 1 -weighted anatomical scan. For group visualization, the data were smoothed using an 8 mm kernel and normalized to MNI using SPM12. For the decoding analysis, no normalization and no smoothing was applied, to preserve the detail required for classification. A design matrix was fitted using a general linear model (GLM), entering the two runs as separate sessions. Twelve regressors were used (one for each of the six On the day of scanning, subjects rated their momentary phantom pain on a scale from 0 (no pain) to 10 (heavy pain).
gestures for each run), from which six t-maps for the six gestures were derived.
Regions of interest
Gestures were classified from four parallel regions of interest per hemisphere. The main focus was on the primary motor (M1) and primary sensory (S1) cortices, which were defined as the walls of the pre-and postcentral gyrus inside the central sulcus, as we know from our previous work that most informative voxels for classification are located in the central sulcus (Bleichner et al., 2013) . To prevent the risk of missing information located further from the central Preservation of hand representation in amputees sulcus (Martuzzi et al., 2012) , two additional regions of interest were defined: pre-M1 and post-S1 (roughly corresponding with Brodmann area 2). The regions of interest were obtained from volumetric parcellation using FreeSurfer (http://surfer.nmr.mgh.harvard.edu/), by combining the Desikan-Killiany atlas (Desikan et al., 2006) , with regions 'PrecentralGyrus DKA ' and 'PostcentralGyrus DKA ', and the Destrieux atlas (Destrieux et al., 2010) , with regions 'PrecentralSulcus DA ', 'PrecentralGyrus DA ', 'CentralSulcus DA ', 'PostcentralGyrus DA ', and 'PostcentralSulcus DA '. For the definition of regions of interest in this article, see Table 2 . A combined mask 'GRAND' was defined as the union of M1, S1, pre-M1, and post-S1. In individuals, the exact boundary between M1 and S1 may not always be located exactly in the fundus of the central sulcus. Therefore, to verify that classification scores from M1 are not due to S1 activity, we also calculated the classification scores for a conservative definition of M1, M1 no-fundus , where a substantial part of the central sulcus was left out.
Classification procedure and statistics
Patterns of blood oxygen level-dependent (BOLD) activation were classified using a multi-voxel pattern analysis approach with a support vector machine classifier (Haxby et al., 2001) . Classification was performed for each of the four regions of interest and 'GRAND' contralateral to the hand that the subject was instructed to move. For classification the number of voxels was constrained to avoid inclusion of voxels not involved in the task (Bleichner et al., 2013) . Therefore, for each region of interest separately, as well as for 'GRAND', we only kept the 250 voxels with the highest t-values across the t-maps for the different gestures (Mitchell et al., 2004) . The BOLD signal in each included voxel was subsequently detrended and transformed into z-scores. The amplitude of the BOLD response for each trial was calculated for each of the 250 voxels by taking the mean signal over Scans 5, 6, and 7 for Subjects C1 and C2, and Scans 4, 5, and 6 for all other subjects. These windows were chosen because previous decoding studies have shown maximum decodability around 6 to 8 s after stimulation onset (Andersson et al., 2011; Bleichner et al., 2013) .
Because a support vector machine is a binary classifier, six support vector machines were combined in a 'one versus all others' approach: the support vector machines were trained to distinguish each gesture from the combined set of all other gestures. In this approach, when testing an unknown sample, the class for which the distance from the data point to the decision boundary is largest wins. All support vector machine classifiers used a linear kernel with regularization parameter ('soft margin') C = 1.
The classifier was trained and validated using a leave-six-out cross validation scheme (20 folds), in which for each fold, one trial for each gesture was left out (validation set), while the classifier was trained on the remaining trials (the training set). Classification results are reported as mean and standard deviation. To evaluate the effects for region of interest, hand, and group, we applied a three-way repeated-measures GLM, with two within-subject factors (Region of interest: four levels, and Hand: two levels) and two groups (Amputees and Controls) at significance level 0.05. To investigate whether there was an effect of amputation in any region of interest of the denervated hemisphere in amputees, only significant interactions were followed with a post hoc two-way GLM and individual two-sample t-tests for comparing between regions of interest.
Spatial extent of features inside regions of interest
To assess the spatial layout of the selected features, the regions of interest (M1 and S1 only) were first mapped to a normalized space as follows. The borders of the sensorimotor cortex were extracted from a flat map parcellation, and three polynomials were fitted: through the central sulcus, through the anterior border of the precentral gyrus, and through the posterior border of the postcentral gyrus. Interpolating between these polynomials resulted in a 28 Â 84 tiled mesh of the sensorimotor area. The volumetric M1 and S1 regions of interest, used for classification, were remapped onto the normalized tiles. Spatial extent of activity was quantified for M1 and S1 by calculating the median distance of each selected voxel to its region of interest's centre of mass. The spatial extent of features was compared between hemispheres and groups, using a repeated measures GLM with two measures (S1 and M1), with hemisphere as within-subject factor (two levels: left and right) and group as between-subject factor.
BOLD response analysis
We assessed the effect of denervation on the BOLD response amplitude. Per voxel and per trial, each time point in the detrended BOLD signal was converted into per cent signal change with respect to the BOLD signal of the first scan of each trial. Per subject, BOLD responses were then averaged over trials for each of the regions of interest.
The BOLD responses were then averaged between 4 and 8 s (comparable to the window used for classification) and were statistically compared using a three-way repeated-measures GLM and post hoc tests analogous to the analysis of the classification scores.
Correlation with phantom pain, age, and years since amputation Amputees rated their ability to make the gestures with their phantom hand on a score from 0 ('very difficult') to 10 ('very easy'). They rated their average everyday phantom pain on a score from 0 ('no pain') to 10 ('heavy pains'). [ denotes the voxel-wise union, and \ the intersect of regions of interest.
To investigate any relationship between phantom movement ability, phantom pain, age, or years since amputation and the classification of the phantom hand, Pearson correlations were calculated using a significance level of 0.05 (Bonferroni corrected for five tests).
Gesture execution performance and data glove amplitude
Excessive movements of the hand that should be kept still during a task could possibly influence classification scores. Therefore, the amount of motion of the still hand was compared to the amount of motion of the moving hand. The amplitude of the finger flexion sensors of the data glove was chosen as measure for movement.
Results
General linear model analysis
Significant activity was found for all subjects for the contrast of all gestures versus baseline in M1 and S1 (P 5 0.05, Bonferroni corrected for total numbers of voxels in the imaged volume). Figure 1B displays activity at individually tailored thresholds to indicate foci with strongest activity.
Support vector machine classification
Mean classification scores for the six gestures were significantly above chance level (binomial test, P 5 0.001) for all contralateral regions of interest, in controls and in amputees, for both hands (Fig. 2) . For left and right hands of controls, classification scores ranged from 23% to 91%, depending on region of interest. Intact hand scores of amputees ranged between 35% and 96%, and phantom hand scores between 25% and 84%.
Three-way repeated-measures general linear model
The three-way repeated measures GLM revealed a significant main effect of region of interest [F(3,13) = 29.7, P 5 0.001], a significant two-way interaction between region of interest and Group [F(3,13) = 4.29, P = 0.026] and a significant three-way interaction between hand, region of interest, and group [F(3,13) = 20.64, P 5 0.001].
As a post hoc test, a two-way repeated-measures GLM was performed on each of the two hands separately. For the left/intact hand, there was a significant effect of region of interest [F(3,13) = 24.79, P 5 0.001], but no significant interaction between region of interest and group [F(3,13) = 1.38, n.s.]. For the right/phantom hand, there was a significant effect of region of interest [F(3,13) = 20.37, P 5 0.001], and a significant interaction between region of interest and group [F(3,13) = 14.70, P 5 0.001].
Lastly, independent t-tests were used post hoc to compare the decodability between controls and amputees for each region of interest in the right/phantom hand. The regions of interest that demonstrated a significant difference in decodability were S1 [t(15) = 2.77, P = 0.014] and pre-M1 [t(15) = À2.18, P = 0.046]. Other regions of interest did not significantly differ between groups [M1: t(15) = À0.49, n.s.; post-S1: t(15) = À1.30, n.s.].
Classification on region of interest 'GRAND'
Gestures were also decoded from the combined region of interest 'GRAND'. In controls, decodability was 77% AE 13% for the right hand and 70% AE 15% for the left hand. In amputees, scores were 64% AE 14% for the phantom hand and 79% AE 11% for the intact hand. A two-way repeated-measures GLM indicated a significant interaction between group and hand [F(1,15) = 12.95, P = 0.003]. Spatial extent of features inside regions of interest Figure 3 displays the spatial characteristics of cortical activity. The standardized location of the centre of mass within M1 and S1 was highly comparable across hands and groups (Fig. 3B and C) . GLM analyses demonstrated no effect of group or hand on the extent of features in M1 and S1, indicating that there was no difference in extent of spatial distribution of the highest activated voxels between hemispheres, or between controls and amputees (Fig. 3D) . 
BOLD response analysis
All subjects showed comparably shaped BOLD responses in all regions of interest (Fig. 4) . BOLD response amplitudes were compared per region of interest between and within groups.
The three-way repeated measures GLM revealed a significant main effect of region of interest [F(3,13) = 24.6, P 5 0.001], significant two-way interactions between region of interest and group [F(3,13) = 5.39, P = 0.012] and region of interest and hand [F(3,13) = 5.58, P = 0.011], and a significant three-way interaction between hand, region of interest, and group [F(3,13) = 6.36, P = 0.007].
A two-way repeated-measures GLM was performed to follow-up effects within each of the two hands separately. For the left/intact hand, there was a significant effect of region of interest [F(3,13) = 33.7, P 5 0.001], but no significant interaction between region of interest and group [F(3,13) = 2.17, n.s.]. For the right/phantom hand, there was a significant effect of region of interest [F(3,13) = 11.9, P = 0.001], and a significant interaction between region of interest and Group [F(3,13) = 4.50, P = 0.022].
Independent t-tests to compare the BOLD responses between controls and amputees for each region of interest only in the right/phantom hand revealed that only S1 demonstrated a significant difference [t(15) = À2.24, P = 0.040], whereas the other regions of interest did not [M1: t(15) = À0.60, n.s.; pre-M1: t(15) = 0.81, n.s.; post-S1: t(15) = À0.69, n.s.].
Correlation with phantom pain, age, and years since amputation
We did not find significant correlations in any region of interest between the 'phantom movement ability score' or the 'phantom pain score' and the classification score of the phantom hand (Pearson correlation) (Fig. 5) . There was no significant correlation between age and classification score in any of the groups, hands, or regions of interest. Although all regions of interest showed a negative trend, with higher classification scores found for people with the most recently acquired amputation, no region of interest showed a significant correlation of classification score with years since amputation, using a significance level of P = 0.05, Bonferroni corrected for five tests.
Gesture execution performance and data glove amplitude
Gesture execution performance was assessed by classification of the data glove recordings of the intact hand in amputees, and of both hands in control subjects. The classification scores were significantly above chance level (94% AE 6%, P 5 0.001) with a minimum score of 79%.
Analysis of the data glove flexion sensor amplitude demonstrated minimal motion in the hand that should be kept still during the task compared to the hand that should be moving, with Subject A2 as the only exception (Fig. 6) . In both amputees and controls, there was no significant correlation between still hand amplitude and classification score from region of interest 'GRAND'.
Conservative definition of M1
To verify that M1 activity was not due to S1 activity, classification scores were calculated from a conservative definition of M1, M1 no-fundus . The resulting classification scores (controls left: 46% AE 12%, controls right: 43% AE 15%, amputees intact: 55% AE 12%, amputees phantom: 48% AE 19%) all remained well above chance level, as with the 'full' M1.
Discussion
We investigated whether the detailed topographic representation of the hand is preserved in people with above-elbow arm amputation. As a measure of (preserved) representation, we used the decodability of attempted complex hand gestures from four different contralateral regions of interest of the sensorimotor hand area in amputees (M1, S1, pre-M1, post-S1), and compared this to the decodability of gestures executed with the intact hand. Data of ablebodied controls were used as an extra reference. In controls and amputees, classification scores for both hands were significantly above chance in all regions of interest.
M1 hand representation after amputation
For M1, there was no difference between the classification scores for attempted movement of the phantom hand in amputees and executed right hand movement in controls. BOLD responses of amputees were similar to those of the control subjects. Previous functional MRI studies have shown that phantom hand movements result in a clear activation of the contralateral M1, similar to executed intact hand movement in amputees and controls (Ersland et al., 1996; Roux et al., 2003; Raffin et al., 2012 Raffin et al., , 2016 ), but did not investigate whether also the representation of composite finger movements in M1 remains intact. Although our classification approach does not directly assess topography in the traditional sense, it does provide an insight in the representation of hand movements, as it inherently relies on spatial patterns. Moreover, we cannot entirely exclude the possibility that the representations of complex hand movements change after denervation, but since we are able to decode composite hand movements from the cortex, the most straightforward conclusion is that the hand representations in M1 contralateral to the phantom hand are unaffected by denervation, also at the high level of detail associated with complex hand movements involving multiple fingers simultaneously.
The exact border between M1 and S1 can vary between subjects and does not necessarily have to be located exactly at the fundus of the central sulcus, leading to a possible contribution of S1 activity on the decodability of M1. However, we tested the classification on region of interest M1 no-fundus , where the fundus of the central sulcus has been left out, and they remained well above chance level, indicating that decoding is not due to activity in S1 cortex.
Decodability and BOLD response in S1
Interestingly, S1 demonstrated the highest decodability, with classification scores being significantly higher than from other regions of interest for both hands of controls, and for the intact hand of amputees. Even for the phantom hand in amputees, S1 decodability was similar to that of the other regions of interest, albeit significantly lower than S1 scores of the right hand of controls. As such, our findings confirm and extend previous studies that showed persistent body part representation (at a more coarse level) after amputation or spinal cord injury by (i) activation within S1 during attempted foot (Cramer et al., 2005; Hotz-Boendermaker et al., 2008 and hand (Raffin et al., 2012; Gharabaghi et al., 2014) movement; and (ii) preserved finger somatotopy of the phantom hand in S1 by moving the phantom hand (Kikkert et al., 2016) or by microstimulation (Flesher et al., 2016) .
We hypothesize that the preservation of decodability is associated with the role of S1, which is thought to reflect not only somatosensory feedback, but also anticipatory information necessary for rapid movement correction (Helmholtz, 1924) . Indeed, activity in S1 has been found in subjects whose proprioceptive feedback has been disabled by an ischaemic nerve block (Christensen et al., 2007) . Moreover, a movement-associated activity increase in S1, preceding M1 activation and the actual movement, has been demonstrated using ECoG (Sun et al., 2015) . Our results support the notion that the decodability of complex hand movements in S1 can be viewed as a combination of feed-forward and feedback processes. The fact that the attempted gestures in amputees, which only generate feedforward influences on S1 activity, could be decoded from S1 at the same level as decoding from M1 in phantom and actual movements, further strengthens the notion that primary sensorimotor cortex is hardly (if at all) affected by amputation.
The difference between decodability and BOLD amplitude for the phantom hand compared to actual movements may also be associated with amputation-induced structural changes. Indeed, it has been demonstrated that grey matter volume is reduced in the denervated cortex of amputees (Makin et al., 2013) , and that reduced BOLD responses may be associated with grey matter thinning (Taylor et al., 2009) . Future studies may elucidate the influence of structural changes on the decodability of complex movements.
Delayed reorganization after amputation
There is evidence for both immediate and delayed reorganizational changes after amputation (Wall et al., 2002; Pearson et al., 2003) . Animal studies have indicated that within minutes to hours after amputation, the receptive fields of an amputated digit become responsive to stimulation of neighbouring parts of the hand (Calford and Tweedale, 1988) . The few human studies on this topic suggest that reorganization occurs rapidly as well (Weiss et al., 2000) . Delayed effects of amputation have been demonstrated in the case of a new shoulder representation in denervated forelimb cortex of rats over a period of weeks (Pearson et al., 2003) . In addition, for human lower-limb amputees, a negative correlation between cortical thickness in V5/MT + , as well as white matter integrity in areas involved in visuospatial processing, and years since amputation have been described (Jiang et al., 2015 (Jiang et al., , 2016 , suggesting that slow reorganizational processes continue to occur long after amputation. Although the regions of interest showed a negative trend in the correlation between post-S1 decodability and years since amputation, this correlation was never significant when corrected for multiple comparisons. Therefore, the data suggest that the effect of time (if any) on the phantom hand representation in M1 and S1 is small, keeping in mind that the number of subjects limits the power of the analysis.
Maximizing classification scores
The data of our control subjects agree with, and extend, a previous functional MRI study from our group that showed that it is possible to classify multiple executed hand gestures from the sensorimotor areas in able-bodied people with high accuracy . The above-chance classification we observed for all regions of interest is suggestive for the presence of a detailed hand representation in each of the four studied regions of the sensorimotor system in controls and amputees. Whether or not a discrete somatotopy for individual fingers exists in M1 is subject to debate [see for example Graziano and Aflalo (2007) for an overview of possible organization principles of M1]. In cases where within-limb somatotopy was found in M1 and compared to that of S1, the latter demonstrated a more discrete and segregated organization (Hluštík et al., 2001; Cunningham et al., 2013) . This difference in organization has been attributed to the more integrative role M1 plays in motor control (Cunningham et al., 2013) and could explain why, in the present study, classification scores were highest in S1, as the method used here is inherently based on spatial activity patterns. Unfortunately, straightforward inference of the different organizational principles in M1 and S1 is not possible in our study due to the nature of machine learning.
We are aware of several potential confounds that can contribute to the classification accuracy and their comparisons between controls and amputees. First, it is known that stump muscles even in above-elbow amputees can be activated when attempting to move the phantom hand, and that these activations are reproducible and different from activation patterns of the stump itself (Reilly et al., 2006) . However, it is unknown whether the same effect of this peripheral reorganization is present for the fine-grained finger movements like the ones that were used here. Therefore, we cannot completely rule out the possible influence of this confound. Second, the control group is overall younger than the amputee group. However, since we were still able to decode successfully in amputees, we believe that our conclusions would remain valid in spite of this age difference. Third, we compared the phantom hand of amputees with the dominant (right) hand of controls. Although it can be argued that the dominant hand of amputees is now their intact hand by definition, we did not want to make any assumptions about the effects of change of hand dominance on decoding from both hemispheres, especially since all amputees (except for one) acquired their amputation in adulthood.
Compared to our previous gesture decoding study in able-bodied volunteers, we observed better classification scores. When combining all regions of interest, the mean score for four gestures was 63% (chance level 25%) (Bleichner et al., 2013) , whereas we now obtained 64-79% (depending on hand and group) for a chance level of 16.7%. An interesting aspect is whether the subjects' movements or activation patterns would become better decodable after a period of training. For this report, subjects practised the task daily in the week before scanning, to gain fluency in making the gestures. A longer training session might reveal a learning curve in decoding accuracy. Also, training can be offered using functional MRI neurofeedback, a technique in which information about brain activity patterns is provided to the subject in realtime. Neurofeedback has proven to be an effective method to shape brain activity in certain areas (Weiskopf, 2012) , and may improve discriminative power of activity patterns.
The high classification scores we obtained for attempted gestures in amputees, especially from the combined region of interest, indicate that the sensorimotor hand region of these patients may be, and remain, a suitable source of signals for brain-computer interface applications, such as multidimensional arm prosthesis control, also years after denervation. For such a brain-computer interface application, signal acquisition methods need to be wearable and accommodate high spatial detail, both of which can be accomplished with high density ECoG Branco et al., 2017) . We have shown previously that functional MRI BOLD activation demonstrates good spatial correspondence with ECoG (Hermes et al., 2012; Siero et al., 2014) . For an ECoG-based brain-computer interface application, decoding from either M1 or S1 separately may be of interest, since limiting the size of an implant is beneficial in terms of limiting the surgical risk. Since the classification scores from both areas is high, it means that they both serve as promising targets for ECoG-based braincomputer interface.
In conclusion, our results demonstrate that complex attempted hand movements can be decoded well from primary motor cortex in people with arm amputation, suggesting that even years after denervation, this area has not lost its detailed spatial representation integrity associated with combined finger movements, and still contain a sufficient level of information for decoding. The same holds for adjacent sensory and premotor regions. Given the similar classification results for amputees and ablebodied subjects, it may be speculated that when having to resort to able-bodied people for brain-computer interface research (when inclusion of the target population is difficult because of low numbers or vulnerability), the use of executed movements provides useful insight in the organization and behaviour of the cortical hand region in patients.
